In a recent publication entitled "Limitations of GCTA as a solution to the missing heritability problem" Krishna Kumar et al. (1) claim that "GCTA applied to current SNP data cannot produce reliable or stable estimates of heritability". Here we show that those claims are false and that results presented by Krishna Kumar et al. are in fact entirely consistent with and can be predicted from the theory underlying GCTA.
through LD may increase so that the total genetic variance explained by the SNPs increases, although the variance explained per SNP may decrease simply because the total variance is spread across more SNPs. In Yang et al. (2) , we presented theory and experimental results to show how the total variance explained by the SNPs increases towards a plateau as the number of SNPs used is increased. The theory is based on a statistically equivalent model of fitting effects of SNPs and genome-wide effects of individuals as random effects and indeed addresses 'missing heritability' by estimating the total variance that would be explained from genome-wide significant SNPs in an infinite sample of individuals using the same SNP chip. The estimate from GCTA-GREML is distinct from a pedigree-based estimate of genetic variance because a pedigree-based estimate is independent on how much of total variance is tagged by the SNP chip. Since our original publication in 2010, there have been a series of method developments in estimating genetic variance from SNP data in unrelated individuals for human complex traits or common diseases (4) (5) (6) (7) (8) .
Krishna Kumar et al. appear to misunderstand the assumptions of GCTA-GREML with a statement that "GCTA assumes that the SNPs used are in linkage equilibrium" (in their page 2). They therefore mistakenly believe that the variance explained per SNP should be the same regardless of the number of SNPs fitted in the model. This is not the case and is not an assumption of the method. In fact, GREML fits all the SNPs jointly in a random-effect model so that each SNP effect is fitted conditioning on the joint effects of all the other SNPs (i.e. it accounts for LD between the SNPs). This is analogous to a linear regression analysis (fixed-effect model) of multiple SNPs. The difference is that in the analysis of a random-effect model we assume the SNPs effects (fitted jointly) following a normal distribution so that the model is solvable even when m > N (m = number of SNPs and N = sample size). Recent theoretical studies (16, 17) have clearly shown that the standard error of the estimated variance is largely dependent on two quantities -the sample size and the variance of the eigenvalues of the sample ZZ' (which is proportional to the GRM), and neither eigenvalues close together or near zero cause large standard errors. The authors then proposed a "denoising" approach by setting the small eigenvalues to zero, which clearly loses information and will lead to underestimation of the variance explained by SNPs. For instance, it is shown in their Figure 6 that the heritability estimate is unbiased without adjustment ( Figure 6A ; an estimate of 0.62 is not significantly different from the true parameter 0.65 given SE = 0.22) and biased when the GRM is adjusted using the denoising approach ( Figure 6B ; an estimate of 0.17 is significantly different from 0.65
given SE = 0.22).
In addition to the many incorrect claims about properties and effects of the SNP- Figure 5 ). However, such variation is entirely expected if the correlation between repeated measures are not perfect, and is not be specific to a particular method. For example, it also applies to the estimate of a sample mean in a simple predictable way.
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Finally, we want to emphasize that GCTA-GREML (2, 3) is a method that was originally proposed to estimate the proportion of variance explained by all SNPs (ℎ !"# ! ) on a SNP genotyping array rather than total (narrow sense) heritability (h 2 ). The method fits all the SNPs simultaneously. The analysis was strictly limited to unrelated individuals to address the problem of 'missing heritability' and to avoid possible confounding from shared environment effects between relatives (2). Further development of the method has allowed for estimating ℎ !"# ! and h 2 simultaneously in family data (18) . For completeness, we note that in extension of the GREML method to disease traits more caution is needed compared to analysis of quantitative traits, because any genotyping factors confounded with case-control status could be partitioned into the GREML estimate (4). The GREML estimate of ℎ !"# ! is the lower limit of heritability because it is very unlikely that all the causal variants (in particular those in low minor allele frequency) are all perfectly captured by the SNPs used in GWAS.
There has been substantial analytical work demonstrating that ℎ !"# ! is an unbiased estimate of h 2 if causal variants are a random subset of all SNPs used in the analysis (2, (12) (13) (14) and that the reported SE of ℎ !"# ! is consistent with the empirical SD of the estimates from resampling (11) . Further discussion about how the heterogeneity in LD would impact the biasedness (13, 14) have led to new developments of the GREML method (12) , which could be applied to data from whole-genome-sequencing or imputation. 
